Passive acoustic monitoring is a promising approach for monitoring long-term trends in harbor porpoise (Phocoena phocoena) abundance. Before passive acoustic monitoring can be implemented to estimate harbor porpoise abundance, information about the detectability of harbor porpoise is needed to convert recorded numbers of echolocation clicks to harbor porpoise densities. In the present study, paired data from a grid of nine passive acoustic click detectors (C-PODs, Chelonia Ltd., United Kingdom) and three days of simultaneous aerial line-transect visual surveys were collected over a 370 km 2 study area. The focus of the study was estimating the effective detection area of the passive acoustic sensors, which was defined as the product of the sound production rate of individual animals and the area within which those sounds are detected by the passive acoustic sensors. Visually estimated porpoise densities were used as informative priors in a Bayesian model to solve for the effective detection area for individual harbor porpoises. This model-based approach resulted in a posterior distribution of the effective detection area of individual harbor porpoises consistent with previously published values. This technique is a viable alternative for estimating the effective detection area of passive acoustic sensors when other experimental approaches are not feasible.
I. INTRODUCTION
Fixed passive acoustic technologies are promising tools for long-term assessment of cetacean populations (Mellinger et al., 2007) . However, to use passive acoustic sensors to estimate cetacean density and abundance, the probability of detecting individuals must be known or estimated (Marques et al., 2009) . There are two components of this detectability: (1) the rate at which animals produce sounds and (2) the probability of detecting sounds produced at varying distances from the passive acoustic sensor (the detection function). In wild animal populations, the sound production rates of individuals and the detection functions of passive acoustic sensors are difficult to measure experimentally. Rather than directly measuring these quantities, we used simultaneous visual surveys and a deployment of passive acoustic sensors to create a paired dataset that allowed us to estimate the product of the sound production rate and the area monitored by the passive acoustic sensors, which we refer to as the effective detection area (EDA). This paper uses a harbor porpoise population in California as a case study to present a new approach for determining a conversion factor between sounds detected and animal density that can be used for long-term passive acoustic monitoring (PAM) of animal abundance.
Along the central and northern California coast, harbor porpoise (Phocoena phocoena) occur in four distinct populations (Calambokidis and Barlow, 1991; Chivers et al., 2002) . Harbor porpoises in this region are distributed in areas with bottom depths less than 100 m, with greatest densities where bottom depths are 10-40 m (Barlow, 1988; Carretta et al., 2001; Forney et al., 2001 ). Due to their nearshore distribution, harbor porpoise are exposed to a diverse array of lethal and sublethal anthropogenic impacts including pollution, noise, and fishery interactions (Barlow and Forney, 1994) . In some areas, cumulative anthropogenic impacts have led to the decline or disappearance of harbor porpoise populations (Calambokidis et al., 1984) . For example, harbor porpoises disappeared from the San Francisco Bay and the Puget Sound in the mid-20th century, possibly due to high concentrations of toxic chemicals (Calambokidis et al., 1985; Raum-Suryan and Harvey, 1998) and have only recently repopulated these areas (Keener et al., 2011; Anderson, 2014) .
In central California, harbor porpoises were caught incidentally in set gillnets targeting halibut from the 1960s to the 1990s, with particularly high take in the 1980s (Barlow and Forney, 1994; Jefferson et al., 1994) . Due to this a) Electronic mail: eiren.jacobson@gmail.com incidental take, the central California population may have been reduced by as much as 70% of their pre-bycatch abundance (Barlow and Hanan, 1995) . Currently, all California populations are believed to be either stable or recovering from past gillnet take . The abundance of the Monterey Bay harbor porpoise population was most recently estimated to be 3715 [Coefficient of Variation (CV) ¼ 0.51; Forney et al., 2014] . Fishery mortality is currently considered to be insignificant for this stock, and there are no known habitat issues (Carretta et al., 2015) ; however, over the past decade there has been some mortality due to bottlenose dolphin (Tursiops truncatus) attacks on harbor porpoise in this region (Cotter et al., 2011; Wilkin et al., 2012; Jacobson et al., 2014) .
Harbor porpoise populations in California have been monitored using aerial surveys since the late 1980s; however, these surveys are expensive, restricted by weather, and have a limited ability to detect trends in harbor porpoise abundance (Forney et al., 1991) . Fixed PAM, which has been used successfully elsewhere (e.g., Gallus et al., 2012) might be more effective for monitoring harbor porpoise populations in this region.
Harbor porpoise produce highly directional echolocation clicks with peak frequencies around 130 kHz (Au et al., 1999) that are used for navigation, foraging, and communication (Akamatsu et al., 2007; Clausen et al., 2010; Linnenschmidt et al., 2012; Wisniewska et al., 2016) . These clicks attenuate rapidly in seawater, resulting in an active acoustic space of several hundred meters . Because harbor porpoise echolocation clicks are well described and do not travel long distances, they can be used as a proxy for animal density around a passive acoustic sensor.
One passive acoustic sensor that has been widely used to study harbor porpoise is the C-POD (Tregenza (2012) , Chelonia Ltd., United Kingdom, www.chelonia.co.uk). C-PODs are relatively inexpensive, easy to operate, and can be deployed for 3-6 months at a time. C-PODs detect individual echolocation clicks and store digital summary information about each click. No waveform data are collected. In postprocessing, clicks can be classified as likely to have been produced by a harbor porpoise using characteristics including the peak frequency and duration of clicks along with the interclick interval.
Metrics of harbor porpoise occurrence derived from passive acoustic data have been shown to correlate positively with density estimates derived from visual observations (e.g., Kyhn et al., 2012; Williamson et al., 2016) . C-PODs and their predecessors, the POD and T-POD, have been used to document harbor porpoise habitat use (e.g., Carlstrom, 2005; Verfuß et al., 2007) , to monitor the impacts of anthropogenic activities (e.g., Carstensen et al., 2006; Brandt et al., 2011; D€ ahne et al., 2013a; Thompson et al., 2013; Brandt et al., 2014) and to assess population abundance and trend (Gallus et al., 2012; Jaramillo-Legorreta et al., 2016) .
To convert echolocation clicks detected by C-PODs to animal densities, a detection function is needed to describe the probability of detection as a function of distance from the C-POD (Buckland et al., 2001; Marques et al., 2013) .
Traditionally, it is assumed that animals at zero distance from the sensor are detected with certainty (Buckland et al., 2001) ; however, because harbor porpoises produce highly directional echolocation clicks, and because they do not click continuously, the probability of detection at zero distance is less than one. Therefore, the click rate of individual porpoises is needed to scale the detection function appropriately. From these two pieces of information we can estimate the EDA of the C-POD. Kyhn et al. (2012) used paired visual and PAM sessions in a mark-recapture framework to estimate the detection functions of individual T-PODs in an area with relatively low harbor porpoise densities where individual porpoises could be visually tracked. Using these paired data, they estimated the effective detection radii of individual T-PODs to be between 22 and 104 m. C-PODs have been found to be less variable in sensitivity than T-PODs (D€ ahne et al., 2013b) and thus we would expect the range of detection radii for individual C-PODs to be narrower, though this has not yet been shown experimentally. One recent experiment tracked harbor porpoises in three dimensions as they moved through a closely spaced array of sensors; however, this approach to estimating the detection function was foiled in part by the extremely high directionality of harbor porpoise echolocation, resulting in very few simultaneous detections on multiple sensors required for estimation of a detection function using this approach (Koblitz, 2015) .
To estimate the echolocation click rate of individual porpoises, researchers in Denmark affixed acoustic sensors to wild harbor porpoises and found that harbor porpoise echolocate almost continuously (Akamatsu et al., 2007; Linnenschmidt et al., 2012; Wisniewska et al., 2016) . However, individual variation in reported echolocation activity was sometimes large, and the small sample size inherent to tagging studies (<10 animals in total) makes it difficult to extrapolate results to an entire population or species.
In the present study, we did not attempt to estimate the detection function and the echolocation click rate independently; instead, we treated the EDA as an unknown quantity that allows conversion from passive acoustic data to animal density. By using an established visual method to estimate harbor porpoise density in our study area at the same time that passive acoustic sensors were deployed, we were able to solve for the unknown EDA. This allowed us to estimate harbor porpoise density in our study area using passive acoustic data at times when visual surveys were not conducted.
II. MATERIALS AND METHODS
This section describes how passive acoustic and visual survey data were collected, provides an overview of data processing and analytical techniques, and explains how the two datasets were combined in a Bayesian model framework to estimate the EDA of the passive acoustic instruments. Finally, we show how the estimated EDA can be applied to long-term passive acoustic datasets to estimate harbor porpoise abundance.
A. Data collection
Passive acoustic methods
In 2013, we installed a grid of PAM devices (CPODs) in northern Monterey Bay (Fig. 1) . We deployed 11 C-PODs at the end of August 2013 and retrieved 10 C-PODs during the first week of January 2014. For this experiment, we chose Monterey Bay as our study site because the local population of harbor porpoises is relatively well studied and believed to be stable (Carretta et al., 2015) . The bathymetry of northern Monterey Bay results in a rapid spatial gradient of harbor porpoise densities, with relatively high densities in the nearshore areas and relatively low densities near the deep Monterey Canyon. The study area included waters from 10 to 100 m depth, north of 36.8 N and east of 122.10 W, with a total area of 370 km 2 . Our study area represents approximately 15% of the Monterey Bay harbor porpoise stock range , but has a disproportionally high density of harbor porpoises relative to the rest of the region occupied by this population. The study design was a systematic, randomly positioned offset grid of 11 C-PODs spaced 0.035 latitude and 0.07 longitude apart and oriented to follow the shape of the coastline. As a result of this design, the lateral distance between instruments was 3.4 km, the medial distance was 2.1 km, and the diagonal distance was 2.7 km.
Aerial survey methods
Three replicate fine-scale aerial surveys were flown over the northern Monterey Bay study area during the C-POD grid deployment on October 15, 17, and 31, 2013 (Fig. 1) . The exact dates of the aerial surveys were determined by suitable weather conditions. These simultaneous surveys were designed to estimate the density and abundance of harbor porpoise in the 370 km 2 study area. Aerial surveys covered a randomly placed, systematic set of 20 east-west transect lines spaced 0.0083 (960 m) apart that were designed independently from the grid of C-POD moorings. The coverage of the line transects was restricted in part by logistical constraints; this level of coverage was realizable in a single attempt given limited calm weather windows and an approximate 4-h flight time due to fuel capacity. Surveys were conducted from a Partenavia P-68 high-wing twinengine aircraft using standard aerial line-transect survey methods (Forney et al., 1991) . In summary, two observers searched from bubble windows on either side of the aircraft while a third observer searched from a belly window in the rear of the aircraft. A data recorder transcribed verbal sighting information for cetaceans and turtles (including declination angle, species, and number of animals) and environmental (visibility conditions) information from the observers into a custom-written software program on a laptop computer (Toshiba T-1000, Japan) that was directly connected to a handheld Global Positioning System (Garmin 12XL, USA). 
B. Analytical methods

C-POD data processing
Once the C-PODs were recovered, data were processed using the KERNO algorithm in the program CPOD.exe (v. 2.044; Tregenza, 2012) to detect click trains. All narrowband, high-frequency (NBHF) click trains were classified as belonging to harbor porpoise, and we chose to include only high-quality click trains (as defined by the KERNO algorithm) in our analysis in order to minimize false positives in the dataset. High-quality NBHF click trains detected on the three days of acoustic effort considered in the present study were visually validated. No false positives were detected in the dataset. While Dall's porpoise (Phocoenoides dalli) also occur along the U.S. West Coast and produce very similar NBHF echolocation signals, we are confident that our dataset includes only harbor porpoise echolocation click trains because Dall's porpoise are typically found in water hundreds to thousands of m deep (Forney, 2000) and because no Dall's porpoise were sighted in our study area during the aerial surveys conducted as part of this study or in any other aerial surveys conducted in 2011 or 2013. Data were exported from CPOD.exe and all further analyses were performed in R (v. 3.2.2; R Core Team, 2016).
We considered a variety of passive acoustic metrics, including counts of echolocation clicks (e.g., Bailey et al., 2010; Marques et al., 2009 ) and of echolocation clickpositive intervals (e.g., Brandt et al., 2011; Williamson et al., 2016) , over periods of seconds, minutes, hours, and days. We found that counts of individual echolocation clicks tended to be overdispersed, and because the click production rates of individual porpoises are so variable (Akamatsu et al., 2007; Linnenschmidt et al., 2012; Wisniewska et al., 2016) we did not feel confident that the number of echolocation clicks per time would scale linearly with the number of animals present. Because our goal was to estimate the number of individuals, not groups, we could not use metrics like detection positive minutes or hours where more than one individual would likely be detected, which would result in biased estimates of density and abundance. We chose to use the proportion of porpoise positive seconds (PPS) as our passive acoustic metric because this metric is less likely to become saturated when multiple animals are present and because it reduces the impact of animal orientation on detectability by effectively averaging over 1-s periods. Our methods assume that only one porpoise can be detected within any 1-s period, which is likely given the narrow beam width of harbor porpoises and the resulting rapid changes in detectability with animal movement and orientation (Koblitz et al., 2012) . To determine the time period over which PPS should be calculated, we calculated PPS for 3-, 6-, and 12-h intervals and correlated these values with the corresponding density estimates from the aerial surveys (see Sec. II B 3 for details). While PPS calculated over a 3-h period had the highest correlation with the aerial survey dataset, a large proportion of the acoustic data points (17/27) were zeros. The second highest correlation was with 12-h periods and produced fewer (6/27) zeros in the acoustic dataset. This metric also makes biological sense since diel changes in echolocation behavior have been reported for this species (Carlstrom, 2005) . Therefore, we calculated the PPS recorded by each C-POD during daylight hours (between civil dawn and dusk, approximately 7 a.m. to 7 p.m. PST) on each of the days on which aerial surveys were flown.
Estimating harbor porpoise densities using distance sampling
Aerial survey line transect effort was divided first into segments with continuous effort in constant sighting conditions (Beaufort sea state) and then divided again into 1-km effort subsegments. Following Becker et al. (2010) , when it was not possible to divide effort segments exactly into 1-km subsegments, if the remainder of the effort segment was less than 500 m it was added randomly to one of the subsegments, while if the remainder was greater than 500 m a new subsegment was created and positioned randomly into the effort segment. Due to the low probability of observing harbor porpoise in high sea states, only data from the aerial survey effort obtained in Beaufort sea states 0-3 were included. We used the package Distance (v. 0.9.4; Miller, 2015) to fit a detection function to the aerial survey data using a halfnormal key function with cosine adjustments. We considered models with and without Beaufort sea state as a covariate and used Akaike's Information Criterion (AIC) to select the best model.
For each subsegment of aerial survey effort, the point density of the harbor porpoise at the midpoint of that subsegment was calculated as d ¼ no: harbor porpoise segment length Â ESW BF ;
where ESW BF is the Beaufort-specific effective strip width. This calculation does not include a correction for the probability of seeing animals directly on the trackline, g(0). In traditional line-transect methods, it is assumed that g(0) ¼ 1; however, since cetaceans spend time below the sea surface where they are not detectable by visual observers, g(0) for cetaceans can be considerably less than 1 (Buckland et al., 2001) . Our dataset did not allow us to estimate g(0), but a previous study by Laake et al. (1997) derived an estimate of g(0) for harbor porpoise in a different region from the same aircraft using the same survey methods under similar survey conditions. Rather than applying this estimate of g (0) directly, we chose to include it as a parameter to be estimated in our Bayesian model in Sec. II B 3 based on prior information (point estimate and associated uncertainty) from Laake et al. (1997) .
Estimating harbor porpoise densities at C-POD locations
To estimate the density of harbor porpoises at the locations of C-POD moorings on each day of aerial surveys, we needed to interpolate the aerial survey observations across the study area. Previously, splines have been used to interpolate discrete observations smoothly to estimate average spatial density (e.g., Forney et al., 2012) . Splines create the smoothest possible interpolation and can be useful for visualizing average cetacean densities over long time scales (e.g., seasons, decades; see Becker et al., 2012) . In our application, we wished to estimate the spatial density of harbor porpoises separately for each day of aerial survey effort. Splines do not consider the data covariance, which is low over short time scales due to patchy harbor porpoise distributions. To preserve the observed patchiness in the spatial distribution of harbor porpoises, we used a least-squares approach known as objective mapping or Gauss-Markov smoothing (Gandin, 1965; Bretherton et al., 1976; Thomson and Emery, 2014) to estimate the spatial density of harbor porpoises across the study area on each day of aerial survey effort. This technique uses the covariance of the harbor porpoise density data over space to determine the length scales of interpolation and seeks to minimize the interpolation error variance (McIntosh, 1990) . Using this objective interpolation technique, we estimated the density of harbor porpoises with associated error at the location of each C-POD on each of the days on which aerial surveys were conducted. It would be preferable to estimate the density of a harbor porpoise within the EDA of each C-POD; however, the EDA of the C-PODs is not known.
Bayesian estimation of unknown acoustic detection parameters
Following Marques et al. (2009) , the proportions of PPS recorded are related to the aerial survey density estimates at each C-POD on each day by the equation
whereD m;d is the estimated harbor porpoise density (km À2 ) from the objective interpolation of aerial survey density estimates as estimated for each C-POD location m on each day d.ĝð0Þ is an informed prior (taken from Laake et al., 1997) on the probability of detecting animals directly on the trackline. n m;d are the number of PPS recorded by each mooring m on each day d, and T m;d is the time (in seconds) monitored between dawn and dusk.vp is an uninformed prior on the product ofv; the EDA of the C-POD, andp, the probability of echolocating within a 1-s period for individual harbor porpoises.
For modeling purposes, we rearranged the equation to solve for n m;d ,
The passive acoustic data, n m;d , were modeled using an overdispersed negative binomial distribution. The parameters of interest to us arev andp. Based on previous research (DeRuiter et al., 2010), we considerv to fall between 0 and 0.0314 km 2 (corresponding to radii of 0 to 100 m). Sincep is a probability, it must fall between 0 and 1.
Due to the high level of uncertainty in the density estimatesD m;d calculated from the objective analysis of aerial survey data, these estimates were included with their errors and were also estimated by the Bayesian model.D m;d were highly informed priors; eachD m;d was drawn from a lognormal distribution according to the density estimate and associated uncertainty for each C-POD location on each day.
The probability of seeing a harbor porpoise directly on the trackline,ĝð0Þ, has been estimated by Laake et al. (1997) . In our modelĝð0Þ was added as a multiplier with a prior distribution based on the estimate from Laake et al.
[l ¼ 0.292, standard error (SE) ¼ 0.107] converted to a beta distribution.
We implemented this model using the package R2jags (v. 0.5-7; Su and Yajima, 2015) . Our model run included 250 000 Markov Chain Monte Carlo samples on four parallel chains, with a burn-in period of 50 000 samples and tenfold thinning.
Density estimation using passive acoustic data
To evaluate whether our estimate ofvp was consistent with previous studies, we explored the parameter space of v andp consistent with the model estimate. Further, we constructed daily and monthly passive acoustic estimates of harbor porpoise abundance in our study area according to Eq. (2) and compared them to the visual estimates of abundance from our aerial survey dataset. Analytical lognormal 95% confidence intervals were calculated for both the passive acoustic and visual estimates of abundance using the delta method (Seber, 1982; Marques et al., 2009) to incorporate error in the estimates ofĝð0Þ andvp. To illustrate how PAM could be used to monitor trends in abundance when knowledge of absolute abundance is not required, we also calculated passive acoustic estimates of abundance assuming thatĝð0Þ andvp were fixed at their median values, so that only variability in the passive acoustic data contributed to the uncertainty of the abundance estimates.
III. RESULTS
A. Data collection
Passive acoustic data collected
We deployed a grid of 11 C-PODs in north Monterey Bay at the end of August 2013 and retrieved 10 C-PODs during the first week of January 2014. One mooring became accidentally entangled in fishing gear and was retrieved and returned to us in mid-December 2013. Of our 11 C-PODs, nine instruments returned data (Fig. 1) . During daylight hours on the dates when aerial surveys were flown, the nine C-PODs detected a total of 640 high-quality echolocation click trains for a total of 15 717 echolocation clicks. Individual instruments detected between 0 and 97 click trains per day, or between 0 and 2341 echolocation clicks. The resulting number of PPS during daylight hours ranged from 0 to 114 s (Table I) , with proportions of PPS per time between 0 and 0.0027 (Fig. 2) . In general, instruments moored in shallow water recorded higher levels of echolocation activity than those moored in deeper water.
Aerial survey data collected
We flew the planned aerial survey tracklines once each on October 15, 17, and 31, 2013, resulting in three replicate aerial surveys in our 370 km 2 study area (Fig. 3) . During these three days of aerial surveys, we completed 1228 km of effort in good conditions and observed a total of 245 groups of harbor porpoises. Seventy-two groups were observed on October 15, 104 groups were observed on October 17, and 69 groups were observed on October 31. The mean size of harbor porpoise groups was two individuals. On each of the three survey days, 35%-38% of the study area was effectively searched, based on the estimated ESW of the aerial survey (see below).
B. Analytical results
Estimates of harbor porpoise density
We combined the data from our three replicate aerial surveys to estimate the abundance of harbor porpoises in our study area. Our estimate, corrected for g(0) using the estimate from Laake et al. (1997) for purposes of comparison, was N ¼ 1446 (CV ¼ 0.18) resulting in an average density of 3.9 km À2 within the northern Monterey Bay study area. This harbor porpoise abundance estimate is consistent with an independent estimate using the same aerial survey methods of N ¼ 3715 harbor porpoises in the entire Monterey Bay population . Using AIC, we determined that fitting separate detection functions for Beaufort sea states 0-1 and 2-3 (AIC ¼ 2707) was preferable to both a model that ignored Beaufort sea state (AIC ¼ 2711) and a model which fit separate detection functions for each Beaufort sea state (AIC ¼ 2709). The effective strip halfwidth values for our aerial surveys were 180 m for Beaufort sea states 0-1 and 134 m for Beaufort sea states 2-3. Point densities calculated at individual subsegments ranged from 0 to 42 km À2 prior to correction forĝð0Þ (see Fig. 3 ). ) with associated CVs] at each C-POD location (reported in X and Y m from the centroid of the study area) and observed porpoise positive seconds (PPS) on each year-day (YDay) of monitoring (T ¼ seconds monitored) corresponding to an aerial overflight. (Color online) Proportion of seconds between dawn and dusk (approximately 7 a.m. to 7 p.m. PST) during which harbor porpoise were detected acoustically (PPS) by each of nine C-PODs (triangles) on each of the three days when aerial surveys were flown over the study area. Gray triangles indicate instruments that did not detect any high-quality harbor porpoise echolocation clicks, while black triangles are scaled with the non-zero PPS calculated from the C-POD data.
Maps of interpolated harbor porpoise density
We used objective interpolation to estimate the spatial density of a harbor porpoise across our study area. This allowed us to estimate the density of a harbor porpoise at the point locations of each of the C-PODs on each day that aerial surveys were flown.
The interpolated values of harbor porpoise density ranged from 0 to 66 km À2 (Fig. 4) . The interpolated densities at individual C-POD locations ranged from 0.06 to 16 km À2 (Table I) . As is typical with aerial survey data, we observed high levels of uncertainty associated with our density estimates (Table I ). The distance between each C-POD and the closest aerial survey effort subsegment ranged from 100 to 500 m. The first zero crossing of the autocorrelation of harbor porpoise density observed on aerial survey effort subsegments was between 6 and 8 km. Since the distance between C-PODs and the nearest aerial survey subsegment fell well within the autocorrelation range of the aerial survey data, we felt confident using objective interpolation to interpolate aerial survey data across our study area. Harbor porpoise density estimates at individual C-PODs were positively correlated with PPS recorded during daylight hours on the days on which aerial surveys were flown (R 2 ¼ 0.46; Fig. 5 ).
Bayesian estimation of unknown acoustic detection parameters
We constructed a Bayesian model to combine our visual and acoustic data with previously published information. This was an effective way to incorporate documented uncertainty in our dataset and in previous studies into our analysis.
The posterior distribution ofĝð0Þ estimated by our model was very similar to the prior distribution and had a . This result was very different from the mean and standard deviation of the prior distribution given to the model (Fig. 6) .
Since we estimated the product of the detection area (v) and the probability of clicking within a 1-s period (p), we are unable to resolve the true values of either parameter. However, we plotted the parameter space consistent with our estimate ofvp in terms ofv andp (Fig. 7) . If the true value ofv were very small, we would expectp to be large. Conversely, if the true value ofv were very large, we would expect the true value ofp to be small. For example, if we knew the true detection radiusv to be 50 m, we could estimate the probability of clicking within each 1-s periodp to be, on average, 0.08.
The prior and posterior distributions of individual density estimates associated with each C-POD on each day of aerial surveys are shown in Fig. 8 . Estimates that did not overlap the one-to-one line indicate that the posterior density estimate was considerably different from the estimate provided as a prior.
IV. DISCUSSION
Our objective was to use paired visual and passive acoustic surveys to estimate the EDA of C-PODs for the harbor porpoise in Monterey Bay, CA. Using a Bayesian modeling framework, we combined visual and passive acoustic survey data with previously published information to estimate the unknown EDA. With this estimate of the EDA, we were able to estimate harbor porpoise abundance in our study area using passive acoustic data collected over a 3-month period. The approach outlined here can be applied FIG. 5 . Harbor porpoise densities at each C-POD location on each day (N ¼ 27) as estimated by objective interpolation of aerial survey density estimates with associated 95% confidence intervals (x axis) and the proportion of PPS recorded by each C-POD between dawn and dusk on the three days of the simultaneous aerial surveys (y axis). Note that the reported porpoise densities are uncorrected forĝð0Þ. to other species and regions where researchers wish to transition from aerial surveys to passive acoustic methods for monitoring trends in cetacean abundance.
We used objective interpolation to estimate the spatial density of the harbor porpoise across our study area from line-transect aerial surveys. Aerial survey data are inherently highly variable, due to both process (e.g., patchy harbor porpoise distribution) and observation (intermittent visual availability, observer perception) errors. Multiple aerial surveys conducted on a single day would likely reduce the uncertainty associated with point estimates of harbor porpoise density at individual C-POD locations; however, this would be an expensive and logistically difficult undertaking. Due to the variability in aerial survey data, it is difficult to interpolate these data with a high degree of certainty. Our adaptation of objective interpolation for this task used the underlying statistics of the data to determine the length scales of interpolation, allowing us to interpolate across the study area while recognizing the uncertainty associated with doing so. This approach also avoided oversmoothing the aerial survey data and preserved the patchy harbor porpoise distributions observed during aerial surveys.
Daily and monthly estimates of abundance generated using visual and passive acoustic data had similar means; however, uncertainty was much greater in the passive acoustic estimates than in the visual estimates of abundance (Fig. 9 , first and second panels). Uncertainty in the passive acoustic abundance estimate is large because of variability in both the passive acoustic records and in the aerial survey data; since the passive acoustic abundance estimate relies on the EDA estimated using aerial survey data it effectively incorporates all uncertainty in both survey methods. However, the mean abundance estimates were relatively stable over time, giving us confidence that this method works albeit with large uncertainties.
Ideally, the EDA should be estimated separately for each instrument and each set of environmental conditions (Kyhn et al., 2012) . Harbor porpoise click propagation can change with factors including temperature, depth, salinity, and substrate type (DeRuiter et al., 2010) resulting in different EDAs. Similarly, harbor porpoise foraging and echolocation behavior can vary with time of day, season, and location (Carlstrom, 2005) . With our limited dataset, we were not able to estimate EDAs specific to each C-POD. If enough paired surveys (e.g., N ¼ 10) were conducted, a hierarchical framework could be used to estimate an EDA specific to each C-POD. It is possible that some of the variance in the posterior density distributions is due to this unaccounted for source of variation in detectability, since, for example, sensors in shallow water may have different EDAs from sensors in deep water.
If we assumed that detectability were constant over time (i.e., no seasonal changes in echolocation click rates or detectability), our estimated EDA could be used to estimate harbor porpoise abundance in our study area at times when visual surveys were not conducted (Fig. 9 , second and third panels). If we wished to estimate trends in abundance rather than absolute abundance, we could ignore the uncertainty in the estimated EDA, though changes in the EDA over time and space would still be an issue. When the uncertainty in the EDA was not included (Fig. 9, fourth panel) the uncertainty in the passive acoustic abundance estimates was considerably lower and more in line with that of the visual abundance estimates. In our study, aerial surveys were conducted on days with relatively low recorded echolocation activity (Fig. 9, fourth panel) , indicating that the visual estimate may be an underestimate of the average abundance of harbor porpoise in this area.
V. CONCLUSIONS
Paired visual and passive acoustic surveys can be used to estimate the detectability of cetaceans. Our study demonstrates that using this technique, it is possible to generate passive acoustic estimates of harbor porpoise abundance that are consistent with aerial survey estimates of abundance. This approach is most feasible in areas with high cetacean densities and may not work in regions where very few animals are observed during visual surveys and reliable interpolation of visual survey data are not possible. For paired survey parameter estimation to be used effectively, more visual surveys are needed to increase the sample size of the paired dataset and decrease the uncertainty in the estimated EDA. With enough simultaneous aerial surveys, it might be possible to estimate EDAs specific to individual passive acoustic sensors. This would allow parameters to be estimated for instruments in different water depths and with different substrate types, facilitating the extrapolation of estimated parameters to regions where paired surveys have not been conducted.
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